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ABSTRACT

Current approaches for autonomous crack detection are mainly based on supervised learning,
which relies on a large number of annotated examples for training. However, it requires a time-
consuming and labor-intensive image acquisition process. This paper proposes a transductive
approach based on the improved Prototypical Network (ProtoNet) for few-shot crack detection
to solve this issue. Its architecture consists of a cross-domain feature encoder and a linear
classifier. The feature embedding is achieved through pre-trained DNN backbones from
ImageNet, and the transductive inference is based on Euclidean distance after embedding
normalization. The approach is validated on a public dataset for automatic bridge crack
detection, which can achieve over 94% mean accuracy for 2-way 5-shot crack identification in
the test set through pre-trained GoogleNet backbone after fine-tuning. The approach is also
tested using real bridge inspection images, demonstrating its capability of fast implementation
for crack detection with weakly supervised information under practical scenarios.
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1 Introduction

Autonomous crack detection is a real-world challenge in visual inspection for infrastructures
due to various materials, surface coatings, and changing light and weather conditions [1]. Its
approaches are mainly based on inductive supervised learning, which requires many labeled
examples for model training [2]. This results in a time-consuming and labor-intensive image
acquisition process. Although supervised transfer learning [3], [4] was expected to solve this
issue, it tends to be overfitting with very limited labeled examples (i.e., under few-shot
conditions). Meanwhile, there is little research about appropriate domain adaption for crack
detection. Therefore, this work aims to propose an efficient framework and approach for few-
shot crack detection, which is beneficial to practical inspection under complex circumstances
with weakly supervised information.

This work proposes an approach based on the improved Prototypical Network (ProtoNet) for
crack detection under few-shot conditions, consisting of a cross-domain feature encoder and a
linear classifier. The Prototypical Network is improved with embedding normalization and a
linear classifier. The feature embedding is achieved by domain adaption through pre-trained
deep-learning models based on ImageNet. Different deep neural network (DNN) backbones
are compared in the experiment. The binary classification is achieved based on transduction
through a linear classifier using Euclidean distances between the query item and prototypes in
the support set, and the performance can be further improved through fine-tuning.

The approach is validated on a public image set [5] for automatic bridge crack detection. A
dedicated CNN architecture for this dataset can achieve an accuracy of 96.37% on the test set
based on supervised learning [5]. The experiment demonstrates that the domain adaption from
the ImageNet is an effective way for crack feature embedding, although there are no specific
crack-related tasks in the ImageNet. The pre-trained GoogleNet and Swim-Transformer
backbones perform as the best two embedding functions, achieving a mean accuracy of over
94% after fine-tuning for 2-way 5-shot crack identification on the test set, which is close to the
supervised learning performance.

Furthermore, the proposed approach can be utilized for crack detection based on the split image
patches to indicate the crack location, area, skeleton, and direction. The real bridge inspection
images [ 1] are employed in the experiment, and the result demonstrates the excellent capability
of fast implementation for crack detection with weakly supervised information under practical
scenarios. The approach is promising to be developed for multi-defect detection using
ensemble learning and region proposal.

2 Literature review
2.1 Crack detection

The most straightforward task in crack inspection is crack identification, i.e., determining
whether a crack exists in an image. It is a binary classification task and can also be extended to
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crack detection, providing more information about the crack, such as location, area, skeleton,
and direction [6]. A typical crack detection method is based on patches, which is implemented
by splitting the image into patches or sliding a window on the image. Then the classifier is
applied on each patch, followed by stitching them back [7], as shown in Fig. 1. Another method
for object detection is based on a bounding box, such as YOLO and SSD. However, this method
is not always the best choice for crack detection. The generated bounding box will involve
many undefective sub-regions, e.g., using a large rectangle bounding box to mark an oblique

crack.

Figure 1: concrete crack detection by patch splitting and classification [7]

Many Al-based approaches have been developed for crack detection to assist routine visual
inspection, including traditional machine learning (ML) and deep learning (DL). In the former,
image processing for feature extraction is still required for feature extraction. Contrastingly,
supervised DL can extract features automatically, such as DCNNs [5], [8]-[10] and
transformers [11]. Cha et al. [12] employed supervised learning with DCNN for the first time
to identify crack images without hand-crafted features. The model was trained on 40k crack
and non-crack images (256 x256) and then integrated with a sliding window technique to scan
any image larger than 256 x256 for crack detection, as shown in Fig. 1. It demonstrates the
availability of the patch-based method for crack detection under practical scenarios. There are
also efforts for crack detection using the bounding-box method, e.g., Xiang et al. [11] integrated
a transformer module in YOLOVS for road crack detection. However, most previous works are
based on supervised learning, in which a sufficient dataset of crack and non-crack images is
still required [13], [14]. Hence, a weakly-supervised approach for crack detection with only a
few labeled examples becomes necessary. Although cross-domain transfer learning has the
potential to solve this problem, it suffers from overfitting or difficulty in convergence under
few-shot conditions. Meanwhile, some critical questions have not been solved, such as reliable
source domains for crack detection through transfer learning.

2.2 Few-shot classification

Few-shot learning (FSL) was initially taken as an example of meta-learning. A meta-learner
was trained through a series of works (episodic training) for unseen but related tasks with just
a few examples. A few approaches have been developed for few-shot classification based on

meta-learning, such as ProtoNet [15] is little research on applying meta-learning approaches
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for few-shot crack detection. The only related one is an attribute-based approach proposed by
Xu et al. [16] for few-shot damage classification through meta-learning. However, the approach
is still based on episodic training through a series of related tasks (including crack) and is not
developed to the level of crack detection.

Recently, a few works [17], [18] have demonstrated that cross-domain transfer can achieve
similar performance to the meta-learning approaches, such as Baseline and Baseline++in [17],
which is more efficient than episodic training. A similar work recently is an approach [19] for
few-shot plant disease classification based on transfer learning across a Plant and Pest (PP)
image set, which uses a transformer for feature embedding and Mahalanobis distance for
evaluation. In this work, the cross-domain effect is achieved by excluding the query classes
(i.e., plants and diseases) from the training set. However, as expected, this inter-class difference
is insufficient because they are all plant-related images, and the approach still requires a
prepared dataset of different plants and diseases. Therefore, it becomes a question to achieve
few-shot crack detection using distinct cross-domain transfer learning from a popular public
dataset (such as the ImageNet) to crack detection. This work proposes an approach for crack
detection that does not require time-consuming data acquisition and can be quickly
implemented with weakly supervised information under practical scenarios.

3 Methodology
3.1 Few-shot problem definition

In the FSL, the dataset D is separated into Dgyp, pore and Dgyery, With input x and label y,
shown in Eq. 1 and Eq. 2. For the N-way K-shot classification, Dgy,pyor: comes from N
categories with K samples per category, so there are N X K support examples. Dgyery
contains samples from N categories with Q samples per category, and the goal is to classify
the N X Q samples into N categories with weakly supervised information from Dgyppore. K
is usually from 1 to 5, and here, crack detection is a binary classification problem, so N = 2.

Dsupport = {(xi, y)}ZY ¥ (1)
J=NXxQ
Dguery = {xj}jzl " (2)

3.2 Proposed approach

This work proposes a transductive approach based on the improved ProtoNet, which consists
of feature embedding, transduction, and linear classification. Its architecture is shown in Fig. 2
using an example of 2-way 3-shot crack detection. The patches with the blue boundary belong
to the support set, while the others belong to the query set.
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Fig. 1 Proposed approach and architecture for crack detection

The ImageNet is utilized as the source domain. The feature embedding is achieved by domain
adaption using the pre-trained DL backbones based on the ImageNet rather than episodic
training in the original ProtoNet. Therefore, the approach does not require a collection of defect
images in advance to train a supervised model or a meta-learner. The ProtoNet is improved
with embedding normalization and a linear classifier. The mean vector of support embeddings
is computed as the prototype for each class.

The transductive inference is based on the prototypes and Euclidean distance (Eq. 3) through a
linear classifier (Eq. 4). Here, n = 2 for binary classification. d,»x; represents Euclidean
distances between a support example and each prototype. W, and b, ., are parameters and
bias, respectively.

d = dist(v,w) = (z v — w|?)? (3)

Ynx1 = softmax(Wyxn - dpx1 + bpx1) (4)

4 Ablation study
4.1 Preparation

The approach is validated on a public dataset for automatic bridge crack detection [5], including
the 2014 background and 4055 crack images (224x224). A dedicated CNN model based on
supervised learning can reach 96.37% accuracy on the test set (train-test split of 80%:20%)
[14]. Hence, the experiment is designed to test the performance of the proposed approach on
the test set under few-shot conditions. The query accuracies are shown in a boxplot based on
5000 samplings. Furthermore, real bridge inspection images from the CODEBRIM dataset [1]
are utilized to demonstrate its capability of fast implementation for practical bridge inspection.



4.2 1-shot and 5-shot classification

The experiment starts with 2-way 1-shot and 2-way 5-shot classifications. The image size is
224x224. The ResNetl8 is utilized for feature embedding. Its parameters are pre-trained on
ImageNet. Meanwhile, the hardcoded mean p = [0.485,0.456,0.406] and the standard
deviation = [0.229,0.224,0.225], derived statistically from the ImageNet, are adopted for
image transformation. The results without fine-tuning are shown in Fig. 3. As can be seen, the
mean accuracy of 2-way 1-shot classification is around 80%, and 2-way 5-shot can reach over
90% accuracy with an interquartile range (IQR) of 4%. The experiment demonstrates that the
approach based on cross-domain transfer learning from ImageNet is available for few-shot
crack identification. As 2-way S5-shot classification performs much better than 2-way 1-shot, it
is adopted for further ablation studies.
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Fig. 2 2-way 1-shot and 2-way 5-shot classification performance

4.3 Different deep-learning backbones

The experiment uses different pre-trained DNN backbones based on ImageNet for feature
embedding. Due to CUDA memory limitation, the image size is reduced to 84x84. The results
are shown in Fig.4. As can be seen, different embedding functions have a significant impact on
performance. The pre-trained GoogleNet and Swim-Transformer are the best two backbones
for 2-way 5-shot crack identification in this dataset, achieving a mean accuracy of over 93%
on the test set.
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Fig. 3 Comparison of different pre-trained DL backbones from the ImageNet

4.4 Linear Classifier and Fine-tuning

Fine-tuning is taken on Eq. 4 using feature embeddings and prototypes through the pre-trained
GoogleNet backbone. The RMSProp is adopted as the optimizer (learning rate 0.01). The mean
query accuracy and 95% confidence interval are shown in Fig. 4.
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Fig. 4 Fine-tuning to improve classification performance

As can be seen, fine-tuning can enhance the mean accuracy by 0.6%, and the increment has
statistical significance. Early stopping should be taken near the epoch number where the
accuracy peaks, i.e., 600 epochs, which can be utilized as the empirical criteria for fine-tuning
in this dataset. After the peak, the accuracy will decrease due to overfitting.

4.5 Practical crack detection

The approach is also validated using the real bridge inspection images from the CODEBRIM
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dataset [1]. The image is first split into patches, as shown in Fig. 5. The patches marked by blue
boundary are selected as the support set, while the others are taken as the query set. The crack
location and skeleton can be detected with only three labeled images for each class, as shown
in the top right of Fig. 5. Moreover, the derived prototypes and classifier from the support set
can be applied to a new image for crack detection without labeling, as shown in the bottom
right of Fig. 5. The experiment demonstrates the approach capability of fast implementation
for crack detection under practical scenarios with only a few labeled examples.
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Fig. 5 Few-shot crack detection in real bridge inspection images

5 Conclusion

This work proposed an approach based on the improved ProtoNet for crack detection with only
a few annotated examples. It integrates cross-domain transfer learning, transductive inference,
and linear classification. The feature embedding is achieved via the pre-trained DL backbones
based on ImageNet. The approach is explored on a public dataset for automatic bridge crack
detection, achieving a mean accuracy of over 94% for 2-way 5-shot crack identification
through the GoogleNet backbone after fine-tuning. Furthermore, the approach is also validated
using real bridge inspection images, demonstrating its fast implementation capability for crack
detection under practical scenarios with only a few annotated examples. The approach is also
promising for the detection of other defects with weakly supervised information. However, it
also has a few limitations currently. For example, the current development is only based on
binary classification (i.e., defect and background), and the performance is sensitive to noise
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such as stains and marks. Therefore, the next step of the work is to develop the approach to the

level of multi-defect detection and enhance its robustness.
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